Sediment Classification using Parametric Sub-Bottom Profiler by Saleh, Mohamed
Article, Published Version
Saleh, Mohamed
Sediment Classification using Parametric Sub-Bottom
Profiler
Hydrographische Nachrichten
Verfügbar unter/Available at: https://hdl.handle.net/20.500.11970/108104
Vorgeschlagene Zitierweise/Suggested citation:
Saleh, Mohamed (2011): Sediment Classification using Parametric Sub-Bottom Profiler. In:
Hydrographische Nachrichten 89. Rostock: Deutsche Hydrographische Gesellschaft e.V.. S.
10-12. https://www.dhyg.de/images/hn_ausgaben/HN089.pdf.
Standardnutzungsbedingungen/Terms of Use:
Die Dokumente in HENRY stehen unter der Creative Commons Lizenz CC BY 4.0, sofern keine abweichenden
Nutzungsbedingungen getroffen wurden. Damit ist sowohl die kommerzielle Nutzung als auch das Teilen, die
Weiterbearbeitung und Speicherung erlaubt. Das Verwenden und das Bearbeiten stehen unter der Bedingung der
Namensnennung. Im Einzelfall kann eine restriktivere Lizenz gelten; dann gelten abweichend von den obigen
Nutzungsbedingungen die in der dort genannten Lizenz gewährten Nutzungsrechte.
Documents in HENRY are made available under the Creative Commons License CC BY 4.0, if no other license is
applicable. Under CC BY 4.0 commercial use and sharing, remixing, transforming, and building upon the material
of the work is permitted. In some cases a different, more restrictive license may apply; if applicable the terms of
the restrictive license will be binding.
10
HN 89 — 04-2011 — Lehre und Forschung
High frequency analysis
With a typical echo-sounding system, operating 
with a high frequency signal, the sound pulse 
is transmitted and reflected back at the water-
seabed interface. The received echo-shape, am-
plitude and duration are usually different from 
the transmitted pulse. These differences contain 
information about the seafloor surface and vol-
ume backscatter which is strongly correlated 
with the sediment type. Two physics based 
models were tested to predict the sediment 
classifications.
The first approach infers the sediment type 
by matching the backscatter measurements 
to the predicted backscatter intensity of a time 
domain model known by the ›SBES model‹. The 
model incorporates three main modules. The first 
module integrates the transducer characteristics, 
transmitted pulse, geometrical spreading and ab-
sorption losses. The second module contains the 
predicted scattering level in the angular domain 
parameterised by the mean grain size using the 
APL-UW model published by university of Wash-
ington laboratory. Finally, the third module incor-
porates the scattering level of the ionisfied area 
during the pulse incidence with the seabed with 
respect to time The model starts by a 1D search 
space over sediment mean grain size, to estab-
lish a general sediment description illustrated in 
Table 1. 
Many acoustic remote sensing techniques have 
been investigated to classify the seafloor surface 
composition using single-beam echo-sounder, 
side-scan sonar or multi-beam. However, much less 
effort has been devoted to classify the sub-layers 
using a high resolution sub-bottom profiler (SBP). 
For the study presented here, an Innomar SES-2000 
parametric SBP was used. This instrument is based 
on an hybrid concept between a single-beam echo-
sounder and marine seismic system. It transmits high 
frequency signals about 100 kHz to provide accurate 
water depth and a low frequency signal is produced 
with similar beam width to provide information 
about the substrates. Datasets of different locations 
at four different sounding frequencies (5, 10, 15, 100 
kHz) were used to investigate two model-based 
methods to classify the surficial and sub-layers. 
Dataset
The classification techniques were carried out to a 
dataset that was acquired in the Baltic Sea near Ros-
tock in 2007. The data consist of four sets of meas-
urements that cover four areas characterised by 
various sediment types. Fig. 1 illustrates the echo-
prints of the four areas observed by the low and 
the high frequency signals. Area 1 and area 2 at the 
seabed surface were dominated by soft sediments, 
e. g. mud, area 3 was dominated by medium mean 
grain size, e. g. sand, and area 4 was characterised by 
rough sediment such as pebble or rocks.
The increased human marine activities in the offshore environment, such as wind 
farms, dredging operations, studies of marine geology and morphology have led to 
an imperative demand for accurate seafloor maps. These applications require knowl-
edge of the seafloor topography and detailed information about the seafloor compo-
sition, both at the sediment surface and in deeper layers. The conventional approach 
of obtaining information about the seafloor composition is to take physical sediment 
samples. This procedure is extremely expensive and time consuming. A much more 
attractive technique, 
which provides high 
spatial coverage at lim-
ited costs within short 
time, is acoustic remote 
sensing based on meas-
urements from a sub-
bottom profiler.
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Fig. 1: Echo print of sample 
profiler. The blue boxes 
indicate the positions of 
the four datasets 
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Phi value Φ Mean grain size diameter 
[mm]
Sediment type
Φ ≤ (–1) 2 ≤ Φ gravel/rock
–1.0 < Φ ≤ 5 0.06 < Φ ≤ 2.0 sand
5 ≤ Φ Φ < 0.006 clay
After the general sediment description is achieved, 
the matching process is enhanced by fine tuning 
six geoacoustical parameters published in the APL-
UW documentation.  
Sub-bottom profilers are technically designed 
to operate at a very narrow opening angle to ac-
quire specular reflection rather than backscatter. 
This aspect has serious influence on the match-
ing process since the received echo contains lit-
tle information about the sediment backscatter 
characteristics. In order to improve the match-
ing result, the measured echo envelope needs a 
number of post processing procedures such as 
stacking and alignment. Stacking and alignment 
are very important to remedy the following is-
sues:
• To reduce the stochastic variance of the 
received echoes.
• To reduce the remaining errors after heave 
compensation and small depth variation 
over consecutive pings.
• To allow the echo shape and spectral nature 
to express itself in the presence of noise like 
variability.
Echo alignment is based on shifting the ensemble 
envelope in time to line up with an envelope fea-
ture such as peak, rising index, half peak, etc. Soft 
sediment echoes are characterised by a well de-
fined energy distribution by initial rise, peak ampli-
tude, and a slow decay, while echoes from rough 
sediments are poorly defined. By testing a number 
of threshold values as illustrated in Fig. 2. Minimum 
threshold was more suitable to preserve these fea-
tures, in this case more feasible for soft sediments. 
On the contrary, peak alignment was more suitable 
for echoes where their energy contribution spans 
the entire length of the return such as echo returns 
from rocks or signals with high variability. This type 
of alignment yields more symmetric distribution 
of signal energy about the alignment index.
The second model infers the sediment types 
by predicting the reflection coefficients of the re-
ceived echoes via the received/transmitted ener-
gy ratio. The model incorporates the water column 
spreading and absorption losses, and reflection 
coefficient between water and sediment interface. 
By estimating the reflection coefficient the results 
are compared to the theoretical reflection coeffi-
cients parameterised by the mean grain size.
Results of high frequency analysis
In general, both models showed acceptable clas-
sification results that agree with the general de-
scription of the surface sediment type as depicted 
in Fig. 3. However, the results of the time domain 
Fig. 2: Comparison of model output 
(blue) given a silt substrate at normal 
incidence for 100 kHz with stacked 
and averaged echoes (green) for the 
minimum (top) and peak (bottom) 
alignment techniques
Fig. 3: Comparison of time domain model 
classification result (solid cyan) with the 
classification of the energy reflection 
model (solid black). The four areas are 
presented in a sequential order where: 
Stack (1–17) area 1, Stack (18–35) area 2, Stack 
(36–53) area 3, Stack (54–72) area 4
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model showed less stability and needs more hu-
man supervision in the post-processing stage. The 
difficulties of using the time domain model, tends 
from the transducer’s narrow opening angle, which 
means that a large part of the backscatter informa-
tion is lost. Consequently, matching the envelope 
shape will not be distinctive enough to distinguish 
between the sediment types. In order, to overcome 
this difficulty, signal features could be matched in-
stead such as envelope rising slope, peak, decay 
slope, pulse duration, etc. These parameters are 
expected to be less affected by the external noises 
and more efficient in the matching process.
Low frequency analysis
Time envelopes of low frequency signals collected 
by a sub-bottom profiler are characterised by re-
flected echoes from the stratified layers instead of 
backscatter. This makes the received echo more 
complicated than the high frequency echoes and 
can no more be predicted using the SBES model. 
Therefore, the reflection energy model was ap-
plied instead to infer the sediment type at the sea-
bed layers.
The building blocks of the reflection energy 
model is based on the recent work of D. Simons 
(2006). This method basically infers the mean grain 
size of the water sediment interface, by inverting 
the SBES echo energies via empirical relationships 
between sediment properties and the acoustic re-
flection coefficient. To predict the sub-layers mean 
grain sizes, the model had to be extended to ac-
count for layer absorptions, reflections and trans-
missions coefficients to compute the received 
energy as seen by the sensor. By computing the 
amount of energy received from a time window, 
the reflection coefficient can be estimated and 
correlated with Hamilton and Bachman’s (1972) 
sediment reflection coefficients. Since the reflec-
tion coefficient is a function of sediment imped-
ance, the results can then be inverted to the cor-
responding mean grain size.
One should pay attention to the selection of the 
size of the time window. Basically too short sample 
window will not capture the correct energy that 
represents the desired local layer, while too large 
sample window will overestimate the reflection 
coefficient as it will overlap with the energy of the 
following layer. This impact is illustrated in Fig. 4. 
The optimal window size was achieved using the 
›spectrum ratio method‹, where two sequential 
windows are selected with different sizes N times 
and analysed in the spectrum domain.
Results of low frequency analysis
In general, although no core samples were avail-
able to evaluate the results quantitatively, the pre-
dicted reflections were evaluated visually depicted 
in Fig. 5. The predicted reflections show the dis-
tinctive layer boundaries with high contrast and 
highly correlated with original observations.
However, the model is very sensitive to the pres-
ence of errors. These errors are acceptable at the 
first couple of layers, and increases drastically at 
deeper layers. The errors might appear from the 
theoretical absorption factors that can be deviated 
from the its true value, or even misclassified layers. 
These errors are acceptable at the first couple of lay-
ers, and increases drastically by increasing the layer 
index. The error component could also be caused 
by physical processes that were not accounted 
within the model. Therefore, the implemented 
model needs to be completed in the area of errors 
in practical situations and additional physical proc-
esses that might influence the model balance such 
as signal interferences and backscatters.
Fig. 4: The influence of the 
sample windows width on 
the predicted reflection 
coefficient
Fig. 5: Comparison between 
the computed reflection 
coefficient estimations 
and the observed data for 
area 1 and area 2. Plot of 
the predicted reflection 
coefficients of area 1 at 15 kHz
